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PublishedresearchpapersavailableontheWorldWideWeb(WWW
or Web) areoften poorly organized,often exist in non-text form
(e.g. Postscript)documents,and increasein quantitydaily. Sig-
nificant amountsof time andeffort arecommonlyneededto find
interestingandrelevant publicationson the Web. We have devel-
opeda Web basedinformation agentthat assiststhe user in the
processof performinga scientificliteraturesearch.Givena setof
keywords,theagentusesWebsearchenginesandheuristicsto lo-
cateanddownloadpapers.Thepapersareparsedin orderto extract
informationfeaturessuchastheabstractandindividually identified
citationswhich areplacedinto anSQL database.Theagent’s Web
interfacecan be usedto find relevant papersin the databaseus-
ing keyword searches,or by navigating the links betweenpapers
formedby thecitations.Links to both“citing” and“cited” publica-
tionscanbefollowed. In additionto simplebrowsingandkeyword
searches,the agentcan find paperswhich are similar to a given
paperusingword informationandby analyzingcommoncitations
madeby thepapers.
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Scientific researchattemptsto add to the body of humanknowl-
edge,but becausetherealmof researchis sovast,researchershave
thepotentialto duplicatepreviously performedwork. A literature
searchfor relevant publishedresearchresultsis generallyusedto
avoid duplicationof work. Most publishedscientificresearchap-
pearsin paperdocumentssuchasscholarlyjournalsor conference
proceedings,but thereis usuallya considerabletime lag between
thecompletionof researchandtheavailability of suchpublications.
The World Wide Web (WWW or Web) hasbecomean important
distribution mediumfor scientificresearchbecauseWeb publica-
tionsareoftenavailablebeforeany correspondingprintedpublica-
tions in journalsor conferenceproceedings.In order to keepup
with currentresearch,especiallyin quickly advancingfields,a re-
searchercanusethe Web to downloadpapersassoonasthey are
madeavailableby theauthor.

A problemin thesearchfor currentrelevantpublishedresearch
is the exponentialgrowth of the literature. The Web makes liter-
atureeasierto access,but easeof publicationencouragesan in-

creasedpublicationrate. Additionally, Web basedresearchpubli-
cationstendto bepoorly organized(eachinstitutionor researcher
may have his or her own organizationalscheme),andarespread
throughouttheWeb. Despitetheseproblems,therearepotentially
importantadvantagesto Web basedscientific literature– articles
on theweb canbe retrievedandprocessedby autonomousagents
muchmoreeasily thanprinteddocuments.Agentssearchingthe
Webcanprovideanautomatedmeansto find, download,andjudge
therelevanceof publishedresearchcontainedtherein.�'&(�*),+ �-����.0/ ��1 $ �'+ �2� � �43 + 
657���-8��9$ ��1
Currently, oneof themostcommonlyusedmethodsfor finding in-
terestingpublicationson theWeb is to usea combinationof Web
SearchEngineswith manualWeb browsing. Web searchengines
suchas AltaVista (http://altavista.digital.com) in-
dex the text containedon Web pages,allowing usersto find in-
formation usingkeyword search. Someresearchpublicationson
the Web aremadeavailable in HTML format, makingthe text of
thesepaperssearchablewith Websearchengines.However, most
of thepublishedresearchpaperson theWebarein Postscriptform
(whichpreservestheformattingof theoriginal),ratherthanHTML.
The text of thesepapersis not indexed by searchenginessuchas
AltaVista,requiringresearchersto locatepageswhichcontainlinks
to thesepapers(e.g.by searchingfor a papertitle or authorname).�'&;: � � � 1'+�� �<���=�>�%�9$ �%�?$ �6@ $ � �#$ �'16AB+-C +�D � � �FEG!#
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The“mostly manual”methodof finding literatureusingsearchen-
ginesandbrowsingrequiresa greatdealof tedious,repetitive user
intervention in orderto reacha point wherethe usercanactually
readpartof thedocumentto determinewhetherit is of interest.Ad-
ditionally, evenwhenpapersareimmediatelyavailable,theremay
betoo many potentiallyinterestingpapersto practicallyperuse.In
orderto assisttheuserin finding relevantWebbasedresearchpub-
lications,we have developedCiteSeer, an “assistantagent”which
improvesuponthismanualprocessin threeways:

1. It automatesthetedious,repetitive,andslow processof find-
ing andretrieving Webbasedpublications.

2. Oncepotentiallyrelevant papersareretrieved, it guidesthe
usertowardsinterestingpapersby makingthemsearchable.

3. Whena relevantpaperis found,it helpstheuserby suggest-
ing other relatedpapersusing similarity measuresderived
from semanticfeaturesof theretrieveddocuments.

Theoperationof CiteSeeris relatively simple.Givenasetof broad
topic keywords,CiteSeerusesWeb searchenginesandheuristics



to locateanddownloadpaperswhicharepotentiallyrelevantto the
user’sI topic. Thedownloadedpapersareparsedto extractsemantic
features,includingcitationsandword frequency information.This
informationis thenstoredin a databasewhich theusercansearch
by keyword, or usecitationbasedlinks to find relatedpapers.The
agentcanalsoautomaticallyfind paperssimilar to a paperof inter-
estusingsemanticfeatureinformation.
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Thedesignof CiteSeertakesbenefitfrom threebroadlinesof pre-
vious research.Oneis work in theareaof Web,interface,andas-
sistantsoftwareagents.Anotherline of previousresearchis inves-
tigation into semanticdistancemeasuresbetweentext documents
sothatagentscansimulateauser’sconceptof documentsimilarity.
Oneimportantexampleof a featureusedto form semanticdistance
measuresis that of citation indexing which recordspublishedre-
searchcitationsof andby otherpublications.: &N� �>����$ ����� � �<� 1'+-� ���
AssistantAgentsareoftendefinedasagentsdesignedto assistthe
userwith theuseof softwaresystemsby performingtaskson be-
half of theuser, makinginteractionwith the softwaresystemeas-
ier and/ormoreefficient. SeveralWebbasedassistantagentshave
beenconstructedto helptheuserfind interestingandrelevantWorld
Wide Webpagesmorequickly andeasily. Someof these,suchas
[10, 3, 9, 11] (and[5] containsanoverview of severalagents)learn
from userfeedbackin an environmentof word vector featuresto
find morerelevant Web pages.Interestingchangesto known rel-
evant Webpagesarelearnedby the “Do-I-Care” agent[17]. This
systemalsoallows theagentto learnfrom thefeedbackof another
user. Althoughit doesno learning,theheuristicWebagent“CiFi”
[8] tries to find citationsof a specifiedpaperon the World Wide
Web. CiteSeerdiffersfrom mostpreviousWebagentsin thatit ac-
tually createsa customized“view” of a part of the Web. A local
databaseis createdwhich structuresdocumentsdownloadedfrom
thewebin away thatis farmoreeasilysearchedandbrowsedthan
if a simplelist of URLs werepresented.Additionally, CiteSeeral-
lowssearchinginsidePostscriptdocuments,whichare“opaque”to
all previoussearchenginesandagents.: & :O) +�P � � �%$ �4QR$ �%��� � � +=S4+ ���T!#� + �
Given a setof documents(essentiallytext strings),therehasbeen
muchinterestin estimatinga humannotionof distance(or the in-
verse,similarity) measurementsbetweendocuments.Presently, we
are aware of threecommonlyusedtypesof models. One is the
string distanceor edit distancemeasurewhich considersdistance
astheamountof differencebetweenstringsof symbols.For exam-
ple,theLevenshteindistance[7] is awell known earlyeditdistance
wherethedifferencebetweentwo text stringsis simply thenumber
of insertions,deletions,or substitutionsof lettersto transformone
string into another. A more recentand sophisticatedexampleis
LikeIt [18, 19] wherea string distanceis basedon an algorithm
thattriesto “build anoptimalweightedmatchingof thelettersand
multigraphs(groupsof letters)”.

Anothertypeof text stringdistancemeasureis basedon statis-
tics of wordswhich arecommonto setsof documents,especially
as part of a corpusof a large numberof documents.One com-
monly usedform of this measure,basedon word frequencies,is
known astermfrequency U inversedocumentfrequency (TFIDF)
[15]. Considera dictionaryof all of thewords(terms)in a corpus
of documents.In somesystems,very commonwords,sometimes
calledstopwords, suchasthe, a, etc.areignoredfor computational
efficiency. Also, sometimesonly thestemsof wordsareconsidered

insteadof completewords. An often usedstemmingheuristicin-
troducedby Porter[12] tries to returnthesamestemfrom several
forms of the sameword. (e.g. “walking”, “walk”, “walked” all
becomesimply “walk”.) In a documentV , the frequency of each
word stem W is X�Y9Z , thenumberof documentshaving stem W is [ Z ,
andthehighesttermfrequency is called X Y9\7]%^ . In onesuchTFIDF
scheme[14] a wordweight _ Y9Z is calculatedas:
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where }�~ is the total numberof documents.In orderto find the
distancebetweentwo documents,a simpledot productof the two
word vectorsfor thosedocumentsis calculated.

A third typeof semanticdistancemeasureisonein whichknowl-
edgeaboutdocumentcomponentsor structureis used.In thecase
of researchpublicationsfor example,citationsof papersby other
papershasbeenusedto createcitation indiceswhich canbe used
to gaugedocumentrelatedness[13]. Anotherexampleis thePara-
Sitesystem[16], in which thenearnessof links to referencedWeb
pagesin the HTML structureof a referencingWeb pageareused
asanindicatorof relatednessof thereferencedpages.: &;��� $ �����%$ � ����� � +�� $ �'1
Referencescontainedin scientific articlesareusedto give credit
to previous work in the literatureandcanbe thoughtof asa link
betweenthe “citing” and “cited” articles. A citation index con-
tains the referencesthat an article cites, linking the articleswith
thecitedworks.Citationsareasemanticfeatureof a researchpub-
lication which canbe usedto determineits relationshipsto other
publications.Citation indiceswereoriginally designedmainly for
informationretrieval [6]. Paperscanbelocatedindependentof lan-
guage,andwords in the title, keywords or document.A citation
index allows navigationbackwardin time(thelist of citedarticles)
andforward in time (which subsequentarticlescite thecurrentar-
ticle?) makingit a powerful tool for literaturesearch.

Thereareafew existingcommercialcitationindexeddatabases,
suchas thoseprovided by the Institute for Scientific Information
(ISI) [1]. ISI producesseveral citation indicesincluding the Sci-
enceCitation Index R

�
, which is a multidisciplinarycitation index

for scientificperiodicals.Anothercommercialdatabasewhichpro-
vides citation indexing is the legal databaseoffered by the West
Group [2], which indexes caselaw, as opposedto scientific re-
searchpublications.CiteSeer-createdindicesarea departurefrom
commercialindicesof scientific literaturedue to their automatic
creationandautonomousextractionof citations,andtheability for
usersto createby usersin real time. All previous commercialin-
dicesarelarge,accumulative databaseswhile CiteSeeris anup to
date“snapshot”of relevantliteratureon theweb.: & � ��� � $ D�+ ����� CL� $ �����%$ � � Q>�J���'
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Cameronhasproposeda“universal,[Internet-based,]bibliographic
and citation databaselinking every scholarlywork ever written”
[4]. He describesa systemin whichall of theworldspublishedre-
searchwould be available to andsearchableby any scholarwith
Internetaccess. Sucha databasewould be highly “comprehen-
sive andup-to-date”,making it a powerful tool for academiclit-
eratureresearch.CiteSeercanbethoughtof asa partialagentim-
plementationof what Cameronwould call a “semi-universalcita-
tion database”,sincea CiteSeeragentonly gathersworks beyond
a point in time. Perhapsoneof themostimportantdifferencesbe-
tweenCameron’s universalcitation databaseandCiteSeeris that
CiteSeerdoesnot requireany extraeffort on thepartof authorsbe-
yondplacementof their work on theWeb. CiteSeerautomatically



createsthedocumentandcitationdatabasefrom downloadeddoc-
uments,� whereasCameronhasproposeda systemwherebyauthors
or institutionsmustmake citationsin aspecificformat.
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The CiteSeeragentconsistsof threemain components:(i) a sub-
agentto automaticallylocateandacquireresearchpublications,(ii)
adocumentparseranddatabasecreator, and(iii) adatabasebrowser
interfacewhich supportssearchby keyword andbrowsingby cita-
tion links. Figure1 givesa diagramof this architecture.
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Figure1: CiteSeerAgentArchitecture.
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Useroperationof CiteSeeris relatively straightforward. Whenthe
userwishesto explorea new topic, a new instanceof theagentis
createdfor thatparticulartopic. Thefirst stepis theinvocationof a
sub-agentto searchfor Webpageswhicharelikely to containlinks
to researchpapersof interest. Theuserinvokesthis sub-agentby
giving it broadkeywords.TheagentusesWebsearchengines(e.g.
AltaVista,HotBot,Excite)andheuristics(e.g.searchingfor pages
which also contain the words “publications”, “postscript”, etc.).
TheagentlocatesanddownloadsPostscriptfilesidentifiedby “.ps”,
“.ps.Z”, or “.ps.gz”extensions.DuplicateURLsandPostscriptfiles
are avoided. Although the only supportedformat of Web based
documentis Postscript,the vast majority of Web basedpublica-
tionsarein thisform,makingthisaminorlimitation. Otherformats
couldbeusedin thefuturewith theappropriateconverters.� & : Q>� �J! Pt+�� �tE�������$ �'1
Documentparsingis the processingof downloadeddocumentsto
extract semanticfeaturesfrom thedocuments.An instanceof the
CiteSeeragentinvokesa parsingsub-agentto control the various
parsingprograms,andperformorganizationalhousekeeping,error

log generation,andhardwareusagemanagement.Theparsingpro-
gramsextractthedesireddocumentfeaturesandplacetheminto an
SQL database.Thedatabasecontainsthefollowing tables:� document:Containspiecesof text from the document,the

URL of thedocument,andaUniqueArticle ID number(UAID).� documentwords:Containswordfrequency informationabout
thebodyof documentsreferencedin thedocumenttable.� citation: Containsthe text of citationsmadeby the docu-
mentsin the documenttable as well as parsedfield infor-
mation. Eachrecordin this tablehasa UniqueCitation ID
Number(UCID) anda field for thecorrespondingUAID.� citationwords: Containsword frequency aboutthe citations
in citation.� citeclusterandclusterweights:Containsclusternumberand
weighting informationwhengroupingidenticalcitationsin
differentforms.This informationis usedfor automaticsimi-
lar documentretrieval.

As documentsaresearchedfor by theparsingsub-agent,adoc-
umentparsingsub-agentwatchesthe downloaddirectoryandbe-
gins the parsingprocesson documentsasthey becomeavailable.
Thefirst stepin documentparsingis theextractionof theraw text
from the Postscriptfile. Currently, we usethe pstotext program
from theDEC Virtual PaperProject.This programtries to extract
ASCII text formattedusinginformationfrom theoriginalPostscript
text formatting. Then, the formattedASCII text is verified as a
valid researchdocumentincluding a checkfor the existenceof a
list of referencesnear the end of the documentand a checkfor
non-Englishdocuments(Publicationsin otherlanguagesarenotyet
handled).An attemptis alsomadeto correctthepageorderof re-
versepageorderdocumentswhile invalid documentsarerecorded
assuchandskipped.Heuristicsareusedto identify the following
in valid documents:� Header:This is theinformationat thebeginningof thepaper

thatcontainsthetitle, author, institution,andotherinforma-
tion thatcomesbeforeactualdocumenttext. Identificationof
featuresinsidetheheader(e.g.author, title) is notperformed
asyet.� Abstract:If it exists,theabstracttext is extracted.� Introduction:If it exists,thefirst 300wordsof the introduc-
tion sectionareextracted.� Citations: The list of referencesmadeby the documentare
extractedandparsedfurtherasdescribedbelow.� WordFrequency: Wordfrequenciesarerecordedfor all words
in thedocumentexceptthosein thecitationsandstopwords.
TherecordedwordsarestemmedusingPorter’salgorithm.

Oncethesetof referenceshasbeenidentified,individual citations
areextracted.Eachcitationis parsedusingheuristicsto extractthe
following fields: title, author, yearof publication,pagenumbers,
andcitation tag. Thecitation tag is the informationin thecitation
that is usedto cite that citation in the body of the document(e.g.
“[6]”, “[Giles97]”, “Marr 1982”). Word frequency of eachcitation
is alsorecorded,with stopwordremoval andstemmingappliedthe
sameasin thedocumentword frequency extraction. Additionally,
we usethecitationtagsto find thelocationsin thedocumentbody
text wherethecitationsareactuallymade.Thisallowsusto extract
thecontext of thecitationsduringdatabasebrowsing.

Theheuristicsusedto parsecitationswereconstructedwith an
“invariantsfirst” philosophy. That is, subfieldsof a citationwhich



hadrelatively uniform syntacticindicatorsasto their positionand
composition� given all previous parsing,werealwaysparsednext.
For example,the year of publicationexists in almostevery cita-
tion asa four digit numberbeginning with the digits “19”. Once
the more regular featuresof a citation were identified, trendsin
syntacticrelationshipsbetweensubfieldsto beidentifiedandthose
alreadyidentified were usedto guesswherethe desiredsubfield
existed(if at all). For example,authorinformationalmostalways
precedestitle information,andpublisheralmostalwaysfollows the
title.� & � Q>�����'
��-� + 57���-8���$ �'1
Thethirdcomponentof theCiteSeeragentis thedocumentdatabase
browser. Thisconsistsof aqueryprocessingsub-agentwhich takes
a user query of proper syntax and returnsan HTML formatted
response.Typically, the query programis not useddirectly, but
througha Webbrowserinterface.Thequeryprocessingsub-agent
providesseveraldifferentbrowsingcapabilitiesthatallow auserto
easilynavigatethroughthedocumentdatabase.Althoughsearchby
keyword is supported,thereis emphasisonusingthelinks between
“citing” and“cited” documentsto find relatedresearchpapers.

Thefirst accessto thepublicationdatabasemustbea keyword
search.After any non-emptyqueryresponseis given,thentheuser
maybrowse.A CiteSeerdatabasewascreatedusingtheinitial key-
words “neural networks” for demonstrationpurposes. Note that
we have not attemptedto index all neural network publications
on the Web. Supposethe userwould like to find all cited papers
jointly authoredby Giles andChentherein. The examplequery,
citation: +Giles +Chen asksfor all citationswhich containthe
words“Giles” and“Chen”. Figure2 showstheresultsof thisquery
in thesampleneuralnetwork database.Thenumberof documents
which cite eachreferenceis givenin bracketsbeforethereference.
At thebottom,we canseethat therearea total of 36 referencesto
papersby thesetwo authorsin theneuralnetwork database.Weuse
anidenticalcitationgrouping(ICG) algorithmto groupseveral in-
stancesof thesameciteddocumentwhich mayappearin different
formatsin theciting documents,asdescribedbelow.

Thefirst pageof resultsfrom anexamplekeywordsearchin the
documentsthemselves,document: +recurrent +series, is shown
in Figure3. Here the headerinformation is given for documents
which containthe keywords in their body. Detailsof a particular
documentcanbe found by choosingthe link (Details). The
first pageof detailsof the seconditem in Figure3 are shown in
Figure4. The header, abstract,URL, andlist of referencesmade
by this documentcanbe seen.Oncean initial keyword searchis
made,theusercanbrowsethedatabaseby usingcitation-document
links. Theusercanfind whichpapersarecitedby aparticularpub-
lication andwhich paperscite a particularpublication,including
thecontext of thosecitations. Returningto theexampleof papers
authoredby GilesandChen,supposea userwishesto know which
paperscite thearticle“Extractingandlearninganunknown gram-
mar with recurrentneuralnetworks”, shown as the third item in
Figure2. Thereare9 referencesto this work in the sampleneu-
ral network database.Choosingthe link (Details) following
this referencesendsa queryto CiteSeer’s queryprocessor, which
returnsresults(thefirst pageof which is) shown in Figure5. The
useris given the exact form of eachcitation, a link andURL to
the citing document,and the context of the citation in the citing
document. If desired,the usercanretrieve the detailsof a citing
documentby choosingthelink to aciting document.Theresultsof
sucha queryarein thesameformatasFigure4.
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As mentionedin thereferencesto previouswork,semanticdistance
measuresbetweenbodiesof text areusedto measuretheir “relat-
edness”.We have implementedsemanticdistancemeasuresin two
applicationsin CiteSeer. First, we have usedword frequency and
editdistancesto groupthedifferentformsof thesamecitation.Sec-
ondwe have developeda meansof usingcitationfrequency infor-
mationto find documentsrelatedto oneof a user’s interestin the
CiteSeerdatabase.�,&(��� � +-� �%$ �H� CL� $ ���J�%$ � ��� ���"!#�#$ ��1
Citationsto a given article canbe madein significantlydifferent
ways. For example,the following citations,extractedfrom neural
network publications,areall to thesamearticle:

[7] L. Breiman, J.H. Friedman, R.A. Olshen, and C.J.
Stone. Classification and Regression Trees.
Wadsworth, Pacific Grove, California, 1984.

6. L. Breiman, J. Friedman, R. Olshen and C. Stone,
Classification and Regression Trees, Wadsworth and
Brooks, 1984.

[1] L. Breiman et al. Classification and Regression
Trees. Wadsworth, 1984.

As suggestedby the examplecitationsabove, the problemis not
completelytrivial, and so we have implementedan identical ci-
tation grouping (ICG) method. The first step in this methodis
a normalizationof citationsby rulessuchasconversionto lower
caseandremoval of mostpunctuation.Then,we usethefollowing
word/phrasematchingalgorithmto groupthecitations:� Sort thecitationsby length,from thelongestto theshortestcita-
tion.� For eachcitationc:

1. Findthegroupg with thehighestnumberof matchingwords

2. Let a= theratioof thenumberof non-matchingwordsto the
numberof matchingwords

3. Let b = the ratio of thenumberof non-matchingphrasesto
thenumberof matchingphraseswherea phraseis every set
of two successive wordsin every sectionof thecitationcon-
tainingthreeor morewords.

4. If (a � threshold1)or (a � threshold2andb � threshold3)
thenthenaddc to the groupg, elsecreatea new groupfor
this citation

Endfor

In thisalgorithm,if acitationunderconsiderationiscloseenough
to anexistingcitationgroup,thenit is included.Otherwiseit starts
a new group. We have performeda formal quantitative evaluation
of this and comparative algorithms(a simplebaselinemethod,a
methodbasedon LikeIt, andthe above methodwithout phrases),
andfound that this algorithmperformsbetterthanthe others(we
have not includeddetailsof the comparisondueto spacerequire-
ments).�,&;: @ $ � �#$ ��1=) $ P $ C ���<Q>�K��! Pt+�� ���
Given a databaseof documents,a usermay find a documentof
interestand then want to find other, relateddocuments. He/she
may do this manuallyby usingsemanticfeaturessuchasauthor,
researchgroup,or publicationvenuefor thedocument.However,
CiteSeeralso hasa mechanismfor the automaticretrieval of re-
lateddocumentsbasedon distancemeasuresof semanticfeatures
extractedfrom thosedocuments.
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36 citations found

  Figure2: Resultsof a keyword searchoncitationsin theneuralnetwork database.
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Previous Web assistantagents(e.g. [10, 3, 17]) have usedword
frequency information to automaticallymeasurehow relatedtwo
documentsare. While this hasbeenuseful in somedomains,un-
commonwords may be sharedby documentssimply by coinci-
dence,therebygiving falseevidencethat the documentsare re-
lated.Anotherlimitation of thisapproachis theambiguityof words
andphrases.For example“arm” could meana humanlimb or a
weapon.CiteSeeris alsodifferentfrom previouscitationindexing
agentsin that the indexing processis completelyautomatic.Cite-
Seerautonomouslylocates,parses,andindexesarticlesfound on
the World Wide Web. The publicationdelayfor printed journals
andconferencesmeansthatCiteSeerhasaccessto articlesthatare
morerecent.�,& :,& : Q>�K��! Pt+�� �FQ>$ �%��� � � +�S4+ ���T!#� + �
CiteSeerusesseveral methodsfor documentsimilarity measure-
ment.Oneverycommonsemanticfeatureusedto gaugedocument
topic similarity is that of word vectors. We have implementeda
TFIDF [15] schemeto measurea valueof eachword stemin each
documentwherea vectorof all of theword stemvaluesrepresent
a document.We truncateto thetop 20 componentsfor eachdocu-
mentfor computationalreasons,but thereis evidencethatthis trun-
cationshouldnothavea largeaffecton thedistancemeasures[14].
A stringeditdistancemeasurecanalsobeusedto determinedocu-
mentsimilarity. Currently, CiteSeerusestheLikeIt stringdistance
[19] to measuretheeditdistancebetweentheheadersof documents
in adatabase.LikeIt triesto matchsubstringsin a largerstring,and
commonauthors,institutions,or wordsin the title will tendto re-
ducetheLikeIt distancebetweenheaders.

Despitetheir commonuse, single words (and even phrases)
maynot alwayshave muchpower to representthetopic of or con-
ceptsdiscussedin aresearchpaper. Citationsof otherworkson the

otherhand,arehandpickedby thepaper’s authorsasbeingrelated
documents.It seemsintuitive then,to usecitation informationto
judgethe relatednessof documents.CiteSeerusescommoncita-
tions to make anestimateof which documentsin thedownloaded
databaseof researchpapersarethe mostcloselyrelatedto a doc-
umentpicked by the user. This measure,“Common Citation U
InverseDocumentFrequency” (CCIDF) is analogousto word ori-
entedTFIDF [14] word weights. The algorithm to calculatethe
CCIDF relatednessof all documentsin thedatabaseto a document
of interest� andchoosethebest � documentsis asfollows:

1. Usethe IdenticalCitationGrouping(ICG) algorithmon the
entiredatabaseof documentsto geta count( �T� ) of how fre-
quentlyeachcitedpaper� occursin thedatabase.Takethein-
verseof thesefrequenciesasaweightfor thatcitation( _ ��`	��� ) and storethesevaluesas a table in the SQL database.
Thissteponlyneedstobeexecutedonetimeoncethedatabase
hasbeenconstructed,andis reusedfor laterqueries.

2. Determinethe list of citationsand their associatedweights
for document� andquerytheSQL databaseto find theset
of [ documents�H  y�¡F¢�£ `¥¤ c�cTc [ which shareat leastone
citationwith � .

3. For each

£ `¦¤ c9cTc [ , determinethe relatednessof thedoc-
ument § y asthe sumof the weightsof the citationsshared
with � .

§ y ` ¨© � {�ª ��«­¬ © � {-® | « _ � (2)

4. Sortthe § y valuesandreturnthedocuments  y with the �
highest§ y values.

As in the useof TFIDF, CCIDF assumesthat if a very uncom-
moncitation is sharedby two documents,this shouldbeweighted
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Figure3: Resultsof a keyword searchon documentsin theneuralnetwork database.

morehighly thana citationmadeby a largenumberof documents.
Presently, althoughwe have not performedformal performance
measureson CCIDF, practicallywe have foundit to beuseful,and
to performbetterthanthe word vectoror LikeIt basedautomatic
similar documentretrievers.
Combination of Methods: Althoughcitationbasedsimilar docu-
mentretrieval hasprovento besubjectively superiorto wordvector
or LikeIt basedretrieval, CiteSeeralso combinesdifferent meth-
ods of documentsimilarity to result in a final similarity distance
measurethat is hopefully more accuratethan any single method
alone. We usea weightedsumof documentsimilarity measures
asa combinedsimilarity measure,which is computedaccordingto
thefollowing combiningalgorithm:

1. Calculatethewordvector, LikeIt,andCitationsimilarity mea-
suresand normalizeeachmeasureto a 0 to 1 scalewhere
1 representssemanticallyidenticaldocuments,and0 repre-
sentscompletelydifferentdocuments(infinite distance).La-
bel the normalizedsimilarity measuresbetweentwo docu-
ments � and   as ¯±° a ��²�  l , ³7´ a �µ²�  l , and ¶<´ a �µ²j  l
respectively.

2. Given a target document� anda setof [ candidatedocu-
ments��  y-¡�¢H£ `·¤ cTcTc [ , measurethesimilarity between�
andall [ of the   y documentsusingthethreemeasuresfrom
Step1.

3. Let _�¸º¹ , _�»#¼ , _�½¾¼ betheweightsgivento their respective
similarity measures.Theseweightvaluesarebetween0 and
1 and they are always normalizedso that _�¸º¹ e _�»'¼ e_ ½�¼<`·¤ .

4. Find a combinedsimilarity measure¿ y between� andeach
of the   y documentsastheweightedsum:

¿ y ` _ ¸º¹ ¯±° a ��²�  l e _ »'¼ ³m´ a ��²�  l e _ ½�¼ ¶<´ a ��²j  l
5. Retrieve thedocumentswith thehighest¿ y values.

Althoughthiscombinationschemeis relativelysimple,if theweights
areproperlychosen,logically it will alwaysperformaswell asor

betterthanany singlesimilarity measurementmethod.The limit-
ing caseof aweightof 1 for thebestperformingmethodshows that
this is true. In the future,we intendto explore theuseof learning
techniquesin orderto automaticallydeterminethebestweightsas
a function of the particulardatabasein which the combiningwill
beused.

CiteSeerimplementsthis combined,similar documentdocu-
mentrecommendationmechanismaspartof thebrowsingprocess.
Givenaspecifictargetdocument,Theuserchooses(Find Sim-
ilar Articles) asseenin Figure3. The detailsof the five
bestdocumentsarereturnedfor displayin theWebbrowser.

À � � � � C !��9$ � � � � � @ !���!#� + 3f�'�ÂÁ
CiteSeeris anassistantagentthatautomatesandenhancesthetask
of findinginterestingandrelevantresearchpublicationsontheWorld
Wide Web. Informally, CiteSeerseemsto work well asa practical
tool which cansave researchersa greatdealof time andeffort in
theprocessof a literaturesearch.However, therearedirectionsin
which we intendto furtherdevelopthis system.Semanticdistance
measuresmay be ableto assistthe recommendationof new inter-
estingdocuments.As new researchpapersbecomeavailableof the
web, they canbe automaticallydownloadedandparsed.If a new
paperissimilarenoughto auser-chosenpaperof interest,thenCite-
Seercould notify the userof potentially interestingnew research
by e-mail. Anotherdirection for future work is the collectionof
databasestatistics.For example,thenumberof timesa paper, au-
thor, or journal is cited may give someindicationof its influence
in the academiccommunity. CiteSeercan currently rank papers
accordingthe numberof citationsmadeto them, however rank-
ings basedon authors,journals,etc. arenot currentlyperformed.
CiteSeercould recommendthat the userwatchout for interesting
new papersfrom influentialauthorsandjournals.As thesestatistics
changeover time, this maybean indicatorof researchtrends.Fi-
nally, weintendto measureandenhanceCiteSeer’sperformanceby
usingexisting bibliographicdatabasessuchasthemany largeBib-
TeXdatabasesontheWeb. BibTeX informationispotentiallymuch
moreaccuratethanthatparsedfrom a Postscriptfile, andcouldbe
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usedto “fill in” informationif a simpletitle matchis made.Also,
BibTeX files canbe usedto createa Postscripttestingdataset to
measureCiteSeer’scitationparsingperformance.
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